Current global scale land-change models used for integrated assessments and climate modeling are based on classifications of land cover. However, land-use management intensity and livestock keeping are also important aspects of land use, and are an integrated part of land systems. This article aims to classify, map, and to characterize Land Systems (LS) at a global scale and analyze the spatial determinants of these systems. Besides proposing such a classification, the article tests if global assessments can be based on globally uniform allocation rules. Land cover, livestock, and agricultural intensity data are used to map LS using a hierarchical classification method. Logistic regressions are used to analyze variation in spatial determinants of LS. The analysis of the spatial determinants of LS indicates strong associations between LS and a range of socioeconomic and biophysical indicators of human-environment interactions. The set of identified spatial determinants of a LS differs among regions and scales, especially for (mosaic) cropland systems, grassland systems with livestock, and settlements. (Semi-)Natural LS have more similar spatial determinants across regions and scales. Using LS in global models is expected to result in a more accurate representation of land use capturing important aspects of land systems and land architecture: the variation in land cover and the link between land-use intensity and landscape composition. Because the set of most important spatial determinants of LS varies among regions and scales, land-change models that include the human drivers of land change are best parameterized at sub-global level, where similar biophysical, socioeconomic and cultural conditions prevail in the specific regions.
Introduction
Humans have affected the natural global environment for millennia, predominantly by converting natural land into settlements, cropland and grazing land (Pongratz et al., 2008; Ellis et al., 2010; Klein Goldewijk et al., 2010) . During the last three centuries rapid land changes occurred due to the increasing demand for agricultural products (Klein Goldewijk, 2001; Turner et al., 2007) . These changes have significant impacts on ecosystems, for example because they affect climate, nutrient-and hydrological cycles, and biodiversity (Foley et al., 2005; Turner et al., 2007; Hibbard et al., 2010; Klein Goldewijk et al., 2010; Verburg et al., 2011b) . Most global scale studies focus on changes in land cover, such as expansion of agricultural land or deforestation, based on large-scale monitoring through remote sensing (DeFries, 2008; Hansen et al., 2010) . Such studies provide insight in the patterns of the main land cover but ignore more subtle changes in the land system that may have important environmental and socioeconomic impacts. For example, extensively managed croplands have often less impact on the natural environment compared to intensively managed croplands. The importance of intensification and other changes in land management as a determinant of sustainability has called for a more integrated whole-landscape approach (DeFries & Rosenzweig, 2010) .
Integrated Assessment Models (IAM's) are used to assess environmental consequences of interactions between different systems, such as economic, social, and biophysical systems. Land use is a fundamental component in IAM's, most importantly because it is both a cause and consequence of many socio-environmental processes. In these global scale models land management is represented mostly in a simplified and aggregated manner, e.g., by a single, uniform, management factor per world region (Bouwman et al., 2006; Bondeau et al., 2007) . Land cover is often represented by the dominant land cover type of large pixels of 0.5 9 0.5 degree (Bouwman et al., 2006; Lotze-Campen et al., 2008; Havlík et al., 2011 ). An advancement is made in the global land-use change model LandSHIFT, which uses a higher resolution of 5 arcminutes, representing land use by the dominant land cover in a cell (Schaldach et al., 2011) . Recent efforts to integrate historical and scenario-based land cover data represent fractional land cover (crop, pasture, urban) at a resolution of 0.5 9 0.5 degree as a common base for climate modeling (Hurtt et al., 2011) . The Global Land Cover 2000 dataset (2003) and Globcover Land Cover (2008) are frequently used to derive such aggregated representations. The architecture of land use and land management can in such a representation not be represented adequately (Turner, 2010) . Relatively small land cover types (including urban area) are not represented as result of the aggregation procedures (Schmit et al., 2006; Nol et al., 2008) , and mosaic landscapes that deliver a range of ecosystem services simultaneously as result of their composition and spatial structure, are erroneously characterized by a single homogenous land cover type .
Land-use intensity is a critical characteristic of agricultural land systems (Rudel et al., 2009; Licker et al., 2010; Neumann et al., 2010) , and is a major cause of environmental damage (Foley et al., 2005) . In agricultural systems, drivers of intensification are manifold Keys & McConnell, 2005; Neumann et al., 2010) . Also the increasing growth and transformation of the livestock sector has significant social and environmental consequences (FAO, 2006) . To examine and predict the negative effects on the environment of increasingly intensified agricultural and livestock systems, both land-use intensity and livestock information are important variables to use besides the land cover composition in global land classifications for use in global assessments and land-change models. Ellis & Ramankutty (2008) were the first to prepare a novel representation of human-environment interactions at a global scale, providing a new classification of the earth's biomes. They classified anthropogenic biomes (anthromes), which are defined as globally significant ecological patterns created by sustained interactions between humans and ecosystems (Ellis & Ramankutty, 2008) . Besides information on land cover and irrigation, population density is used as the main factor for representing the intensity of human-environment interactions, following the theory of Boserup (1965) that relates population density to land-use intensity. The Land Degradation Assessment in Drylands (LADA) project developed a global land-use characterization focusing on land degradation caused by human interventions on the land, from an ecosystem perspective (FAO, 2011) . This classification is based on dominant land cover, irrigation, and livestock density data. Letourneau et al. (2012) developed a classification of Land Use Systems (LUS), extending the anthromes classification, based on land cover, irrigation data, population density, livestock type and density, and market accessibility.
This article aims at improving the representation of land use at the global scale by using a relatively high spatial resolution (5 arcminute) and by explicitly addressing land management as a component of land systems. The method aims to improve the representation of future land change in IAM's, and to help the evaluation of adaptation and mitigation options with such models through increasing the ability to address more subtle changes in land system architecture than are possible, based on current representations. In our study, we based ourselves on the before-mentioned efforts but explicitly aimed to classify land systems based on land cover composition, agricultural intensity and livestock density. These are variables that characterize land-use system properties directly. We therefore provide an alternative to the above-mentioned efforts by including the intensity of agricultural land management more directly as well as livestock density and the fractional composition of the different land cover types within the unit of analysis. In contrast to the anthromes map of Ellis & Ramankutty (2008) we have not used population as a classification criterion for the land systems. Population does not necessarily characterize a land use system directly and is often seen as a driver of land-use change (Boserup, 1965; Keys & McConnell, 2005; Geist et al., 2006) .
In this article, this new integrated approach to represent land use at a global scale, using land cover, agricultural intensity and livestock data, is presented. We evaluate the possibilities to use this land system classification in IAM's by analyzing the extent to which the spatial patterns of the classified land systems can be explained by variables that are frequently used as location factors in land change models or land change modules of IAM's. Preferably globally uniform allocation rules based on these spatial determinants are used to allocate future changes of land use. We analyze the spatial determinants of the classified land systems at both global and regional scale to investigate if globally uniform allocation rules are valid across multiple regions.
Materials and methods

Classification method
The representation of land use in this article is based on Land Systems (LS). LS do not necessarily represent typical management systems at a particular level of organization in which biophysical, economic and human elements are interdependent, as is the case for farming systems (Dixon et al., 2001) . The LS classification rather aims to classify combinations of land cover composition, livestock system, and land-use intensity in a series of LS that can be used as entities for land change modeling. The integration of land management and land cover aspects allows us to synchronously address multiple trajectories of land system change upon changes in driving factors. Upon commodity demand the same LS may change into a more intensively managed system or toward a LS with a higher fraction of agricultural land, depending on the conditions at the location. Like farming systems, the LS classification system focuses on agricultural systems, but in contrast to farming systems, LS are not restricted to agricultural land (van de Steeg et al., 2010) . A LS may contain several farms belonging to the same or different farming systems or no farm at all. Furthermore, farming systems are mostly studied at the household level. Van de Steeg et al. (2010) used a logit model based on location factors and household characteristics to create a regional level farming system map for the Kenyan Highlands. Messerli et al. (2009) created a landscape mosaic map at the mesolevel (district to national level) by first delineating land cover maps, which were subsequently interpreted in terms of human-environment interactions. Global level maps of farming systems are available for livestock systems in developing countries (Dixon et al., 2001; Thornton et al., 2002; Kruska et al., 2003) . LS have full global coverage and focus on agricultural land, but also represent natural vegetation mosaics.
In this study, LS are classified at a spatial resolution of 5 arcminutes (~9.25 9 9.25 km). Although this is more detailed than the current representation of land use in most global scale IAM's, individual grid cells at this resolution still represent a mixture of different land cover types. Hence, LS represent mosaic land cover/use patterns that result from variation in both natural processes and human influences.
The LS classification is based on three main classification factors: (1) land cover, (2) livestock, and (3) agricultural intensity (Table 1) . Land cover represents the composition of the landscape, while livestock and agricultural intensity data represent important characteristics of land management and farming systems. Variables used to represent land cover are tree cover (%), bare soil cover (%), cropland cover (%), and built-up area (%). These variables characterize important components of land cover patterns but do not necessarily add up to 100%. For tree and bare soil cover the MODIS Vegetation Continuous Field dataset was used (Hansen et al., 2003) . The built-up area map is based on MODIS 500 m satellite data . Cropland cover is derived from the global dataset of croplands in the year 2000 developed by Ramankutty et al. (2008) . They combined sub-national agricultural inventory data and satellite-derived land cover data to create a cropland map at 5 arcminute resolution. This cropland dataset is consistent with statistical (sub-) national data, which is advantageous for application in IAM's that often link to macro-economic models that use statistical data as main data source (Eickhout et al., 2007) .
Livestock data are obtained from the Gridded Livestock of the World information system (FAO, 2007) . In the LS classification two groups of livestock types are distinguished: (1) pigs and poultry, and (2) bovines, goats, and sheep. Although these two groups may also occur simultaneous, in many cases the distinction represents different livestock systems because pigs and poultry (pp) are monogastric species, which are less directly dependent on local land resources as compared to bovines, goats, and sheep. Moreover, this distinction may also be caused by cultural differences, for example bovines in India and pigs/poultry in China.
As an indicator for the intensity of land use global maps of the efficiency of agricultural production are used (Neumann et al., 2010) . These maps are constructed based on stochastic frontier production functions, which represent the maximum yield given environmental conditions. Deviations from the frontier function are caused by inefficiency of production and statistical noise. Neumann et al. (2010) calculated frontier yields and efficiencies of wheat, maize, and rice at a global scale, using:
where q i is the actual grain yield (from Monfreda et al., 2008) , temp i is the deviation from the optimal monthly mean temperature, precip i is the precipitation, par i is the Photosynthetically Active Radiation, soil_constr i are soil fertility constraints, v i is a random error (statistical noise), and u i represents inefficiency effects of production. Here, inefficiency is a function of irrigation, slope, agricultural population (proxy for labor availability), market accessibility, and market influence. The main advantage of using this approach is that the efficiency is a proxy for the intensity of land management independent of variations in biophysical conditions, and multiple biophysical and land management-related variables, for which global datasets were available, are used for the calculation. In principle, the yield may be relatively high with relatively little human influence (low efficiency) in areas where local conditions are favorable for crop growth. In areas with unfavorable conditions for crop growth the yield may be relatively low, despite relatively efficient land management practices (high All the input maps that are input to the classification are resampled to a resolution of 9.25 9 9.25 km in equal area projection (Eckert IV) which resembles a resolution of 5 arcminutes at the equator in geographic projection.
A hierarchical classification procedure is used to identify LS ( Fig. 1 ; Appendix S1 in Supporting Information). Both hierarchical classification procedures based on expert-rules (Dixon et al., 2001; Kruska et al., 2003; Van der Steeg et al., 2010; FAO, 2011) as well as statistical clustering techniques (e.g., Ellis & Ramankutty, 2008; Letourneau et al., 2012) have been used to delineate land cover/use and farming systems. We have chosen a hierarchical classification procedure, similar to for example the LADA project (FAO, 2011) and Van der Steeg et al. (2010) . Classifications based on cluster analysis are sensitive to the distance metric selected and the criterion for determining the order of clustering. Moreover, clusters identified may be (statistically) optimal for the current distribution of the land system parameters but no longer be optimal for future conditions. In our approach, the classification thresholds are arbitrarily defined by identifying natural breaks in the variable distributions while ensuring that resulting patterns correspond to common understanding of the spatial distribution of land systems. Increasing or decreasing the used thresholds by 20% did not result in different spatial patterns on a global scale, but only shifted the class boundaries. First, two very distinctive systems are delineated: (1) settlement systems, which are characterized by a relatively high percentage of built-up area, and (2) bare systems (including snow and ice), which are characterized by a high percentage of bare cover. The remaining unclassified land surface is classified into (mosaic) cropland, grassland, and forest land systems. These LS are distinguished based on the percentages of cropland, tree and bare surface cover, and are further subdivided based on the type and density of livestock. (Mosaic) Cropland systems are subdivided based on the efficiency of agricultural production. To prevent delineation of too many classes, which would make the classification more complex, posing possible problems for modeling purposes (mosaic) cropland systems were only further subdivided if the parent class still had fair world coverage (>1%).
Investigating spatial determinants of land systems
To explore how a series of biophysical and socio-economic factors can explain the spatial distribution of LS, binominal logistic regressions were performed. The fitted logistic regression models can be used to predict, for each location on the map, the probability of finding a specific LS based on the location factors that are used as independent variables in the regression approach. Logistic regressions are frequently used as input to spatial land change allocation models (e.g., Geoghegan et al., 2001; Serneels & Lambin, 2001; Braimoh & Onishi, 2007; Verburg & Overmars, 2009; Letourneau et al., 2012) . In such models, the probability maps derived from the regression equations are used to indicate the suitability of a certain location (grid cell) for the occurrence of a land system or land cover type, possibly accounting for temporal changes in the location factors. Based on these suitability maps, demands for various goods (e.g., livestock, crop production, urban land) are allocated spatially (using alternative algorithms), and therewith, the spatial distribution of land changes is predicted. An alternative to binominal regressions would be to use multinominal regressions (Chomitz & Gray, 1996) , but this requires definition of a reference class to which the probabilities for the other land systems will relate. For the Land Systems it is difficult to specify one particular class as a reference (for example, different LS can be the reference system for intensively managed cropland). Therefore, we chose to use binominal logistic regressions, where the probability of a LS is calculated as compared to all other systems. The variability of spatial determinants among different regions was tested by conducting the regressions separately for four regions that partly have similar LS (the Great Plains, part of Europe, north India and part of China) in addition to an analysis at the global extent. Fifteen variables that were hypothesized as potential determinants of the LS and for which global datasets with a sufficiently high resolution were available, were selected for the regression analyses ( Table 2 ). Many of these are biophysical variables, which determine the local suitability for specific LS. Two climatic variables were selected: temperature and precipitation. The type and growth of vegetation is highly dependent on these factors. Six soil characteristics were selected: sand-, silt-and clay content, organic-matter content, Cation Exchange Capacity (CEC), and pH. In general, soils with a relatively high CEC, and intermediate levels of pH, organicmatter content, and mixed texture, are especially suitable for growing crops (FAO, 1999) . Hydrological conditions are expressed by a drainage class, ranging from very poorly drained soils to excessively drained soils. Soils with intermediate drainage classes are favorable for growing crops, since these soils are well aerated whereas water (and nutrients) available for plants are not easily leached out, nor does the soil become waterlogged quickly (FAO, 1999) . Two terrain variables are used: altitude and slope, which influence the landscape mosaic and the management constraints. Agricultural systems are expected to mostly occur on relatively gentle slopes and low altitudes. The last environmental variable is the global distribution of biomes (potential natural vegetation), which is expected to explain the type of vegetation in LS through capturing the natural vegetation characteristics.
Three socioeconomic variables were selected. First, a market influence index in US$/person is used (Verburg et al., 2011a) . This is a measure for the capital available to invest in expansion or intensification of agricultural land. Intensively managed cropland systems are expected to occur in regions with a relatively high market influence. Secondly, accessibility to national and international markets is an important factor that influences agricultural activities through providing options for marketing LS products (Verburg et al., 2011a) . Intensively managed agricultural systems are expected to occur close to markets given transport costs and time and the availability of inputs, while (semi-)natural systems likely occur far from markets following the classical Von Thü nen model (Von Thü nen, 1966) . Third, population density is an important factor influencing the degree of human impact on the environment (Boserup, 1965) .
The regression analysis was based on a sample of grid cells that represent a balanced sample. A balanced sample is obtained by randomly omitting observations of the over-represented class. Also, a minimum distance of one cell between the http://sedac.ciesin.columbia.edu/gpw/ observations was chosen to minimize spatial autocorrelation. We tested the possible influence of remaining spatial autocorrelation by fitting an alternative model based on a regular sample with at least four cells between the sampling points. At this distance we assume spatial autocorrelation to be negligible. The resulting regression models were almost exactly similar. Therefore, we conclude that our models were not affected by bias originating from remaining spatial autocorrelation in our data. Different methods of entering the independent variables in the model are explored, forward conditional and backward conditional, to test the sensitivity toward the stepwise variable selection methodology. Regression results were interpreted and compared to hypotheses, to identify causality in the estimated relations. If the input variables showed a high correlation (Pearson Correlation >0.7) only one of them was used in the regression analysis to avoid multicolinearity. The ROC (Receiver Operating Characteristic) was used as a measure of the goodness of fit of the regressions (Swets, 1988) . A value of 0.5 indicates the regression model is as good as random; a value of 1 indicates a perfect fit.
Results
Land System characteristics
The resulting LS map for the world and the four regions are shown in Figs. 2 and 3, respectively. Characteristics of LS, analyzed at a global scale, are summarized in Table 3 and Appendix S2.
Cropland systems
Cropland systems cover about 8% of the world land surface and are characterized by an average cropland cover of about 70% (Table 3) . Although these systems are dominated by croplands they still contain fair amounts of other land cover such as trees and barren land. Also, they can contain a significant number of livestock. Cropland systems show similar average yields of wheat, rice, and maize combined compared to other LS, but the harvested area of these crops in cropland systems is significantly larger (Fig. 4 ; Appendix S2), and hence, total crop production will be higher (per land-use intensity level). The highest yields are attained in most intensively managed cropland systems; most often high management efficiencies coincide with areas that have the highest potential productivity. Despite of the relatively low world coverage, 28% of the world population lives in cropland systems, where mixed crop-livestock systems are on average more densely populated compared to cropland systems with few livestock ( Fig. 5 ; Appendix S2). The nine cropland systems are distinguished based on livestock type and density, and agricultural intensity (Fig. 1) . Most extensive cropland systems occur especially in Africa and India, whereas intensive cropland systems occur especially in central-eastern United States, Europe, south-western Russia, north-eastern China, and north India.
Mosaic cropland and grassland systems
Mosaic cropland and grassland systems cover about 5% of the world land surface. These systems have a cropland cover of on average 30-35% and a low tree cover (~5%). Similar to cropland systems, the highest yields are attained in intensively managed systems, and the mixed cropland-livestock systems are most densely populated. In total, 10% of the world population lives in mosaic cropland and grassland systems.
Mosaic cropland and grassland systems are subdivided based on livestock type and density (Fig. 1) . Cropland and grassland systems with few livestock are further subdivided based on agricultural intensity. Extensive mosaic cropland and grassland systems occur especially in Africa, while more intensively managed systems occur in the United States, Argentina, Europe, and on the border between Russia and Kazakhstan. Mosaic crop-and grassland systems with livestock, occur especially in China, India, and Africa.
Mosaic cropland and forest systems
Mosaic cropland and forest systems cover 4% of the world land surface. The average cropland cover percentages are 30-35%, with an average tree cover of 35%. 9% of the world population lives in mosaic cropland and forest systems.
Mosaic cropland and forest systems are subdivided based on agricultural intensity. A separate class cropland and forest with pigs and poultry exists, which occurs especially in South-East Asia. Cropland and forest systems with few livestock occur all over the world, with extensive systems predominantly found in Africa and Central America, and more intensive systems found in Europe, North America, South America, and Southeast Asia.
Forest systems
Forest systems cover 21% of the world land surface. These systems have an average tree cover of about 55% for open forest systems and about 80% for dense forest systems. Despite the large world coverage, only 8% of the world population lives in forest systems (Fig. 5) . The highest mean population densities occur in open forest with pigs and poultry (~119 nr km À2 ). Open forest systems originate both from natural processes (climate, soil), at the edge of dense forests, and from human intervention such as shifting cultivation. Open forest systems with pigs and poultry have on average 8% cropland coverage, which may concern both shifting cultivation and permanent cultivation in forests with low population pressure. Open forest systems with few livestock and dense forest have on average <3% cropland cover. Dense forest systems mostly concern tropical forests, and to a lesser extent, temperate forests at higher latitudes. Open forest systems with pigs and poultry especially occur in China, Japan, and Southeast USA. Open forest systems with few livestock not only occur especially in subarctic regions, where the open character of the landscape is mainly a result of the natural variation in soil and climate conditions, but are also found in other parts of the world (South-Russia, Central Africa, South America, and Southeast Asia).
Grassland systems
Grassland systems cover about 12% of the world land surface, which is mainly attributed to grassland with few livestock (8%). This relatively large surface area explains that still 4.6% of the world population lives in this system, in spite of the low population density (Fig. 5) . The two other grassland systems are natural grassland and grassland with bovines, goats, and sheep. Grassland systems have a low average tree and cropland cover (<10%). The yields of wheat, rice and maize combined are similar compared to yields in other LS, but because cropland areas are very small, the total crop production is low (Fig. 4) .
Natural grassland systems occur in arctic regions (tundra). Grasslands with few livestock occur all over the world. Grassland with bovines, goats and sheep occur especially in Uruguay, southern Brazil, and Central-East Africa.
Mosaic (semi-)natural systems
The two mosaic (semi-)natural systems are very important and widely spread LS, together covering about 24% of the world land surface. The grassland and forest system has an average tree cover of~27%, and low livestock densities. Despite the relatively low average population density, still 8% of the world population lives in this LS (Fig. 5) . The grassland and bare system is characterized by an average bare soil coverage of~35%, and also by low livestock densities. Only 1.5% of the world population lives in this LS.
Mosaic grassland and forest systems especially occur in Canada and Russia (boreal woods), and in South America, Central Africa, and China (often savannas). 
Bare systems
Bare systems cover 25% of the world land surface. But, only 5% of the world population lives in these systems. The average bare cover is about 90%. Due to irrigation, yields of wheat, maize, and rice can be relatively high in these systems, but only a very low proportion of the area is used for cultivation (Fig. 4) . There are two bare systems; bare systems with and without livestock. Bare systems with livestock have relatively low livestock densities compared to other LS. Bare systems without livestock occur especially in the Sahara, western China, and Australia. Bare systems with few livestock occur in the same areas, as well as in the Middle East region, Mongolia, Kazakhstan, South Argentina, and Western United States.
Settlement systems
Settlement systems cover only 2% of the world land surface, although 25% of the world population lives in this LS (Fig. 5) . Settlement systems are subdivided into periurban and village (on average~11% built-up area and 360 people km À2 ) and urban systems (on average~48% built-up area and~1329 people km À2 ). The livestock density is relatively high in both classes, slightly higher in the class peri-urban and villages ( Table 2 ). The average cropland cover in the class urban is 21%, whereas in the class peri-urban and villages the average cropland cover is 34%. Hence, there is a lot of agricultural activity in such systems. Crop yields are relatively high compared to most other LS (Fig. 4) . Both classes occur all over the world, but are especially found in India, Southeast Asia, Europe, and Eastern United States.
Spatial determinants of Land Systems
The results of the binominal logistic regressions performed at a global scale are summarized in Table 4 and Appendix S3. Regression results for the 10 most important LS in Europe, the Great Plains, China, and north India are summarized in Tables 5, 6 , 7 and 8 respectively.
Spatial determinants at a global scale
Cropland systems
Markets are very important for farmers because here they can sell products and buy agricultural inputs (Keys & McConnell, 2005; Lambin & Meyfroidt, 2010 ; Verburg et al., 2011a). Hence, compared to other LS (mosaic) cropland systems are relatively easily accessible (high market accessibility; Table 4 ). Especially the more intensively managed (mosaic) cropland systems are located in regions with soil characteristics that are beneficial for growing crops; i.e., soils with relatively high clay and/or silt content, and a relatively high pH and/or CEC. Soil conditions of extensively managed (mosaic) cropland systems are less favorable, for example, extensive cropland with bovines, goats, and sheep is negatively related to organic-matter content. Generally, (mosaic) cropland systems occur on relatively flat and low-lying areas, which are easy to manage and access.
Intensively managed cropland systems require high input costs, for example fertilizers, pesticides, and machinery. These systems are mainly found in regions with a high market influence (positive relation; Table 4 ). The causality of this relation may work in both directions as high production also provides returns that may be invested in the land.
The most obvious difference between (mosaic) cropland systems with and without livestock is that systems with livestock are positively related with population density.
Forest systems
The distribution of forest systems is especially determined by the potential natural vegetation classification as it captures the envelop of natural systems. Forests often grow in wet areas on acidic soils. These relations reflects the occurrence of large tropical forest regions where precipitation levels are high and soils are old and deeply leached, having poor suitability for agricultural use. Also in many temperate and boreal forests precipitation levels are still relatively high at the global scale, and soils are relatively acid because of leaching and, in case of boreal forest soils, because of cold and often waterlogged conditions that slow down decomposition processes. All forest systems remain especially in sparely populated regions. Still, open forest systems P e r i -u r b a n a n d v i l l a g e s U r b a n C r o p l a n d ; e x t e n s i v e , f e w l i v e s t o c k C r o p l a n d ; e x t e n s i v e , b g s C r o p l a n d ; e x t e n s i v e , p p 
G L O B A L -S C A L E L A N D S Y S T E M S 3135
with livestock are relatively easy to access on a global scale.
Grassland systems
Natural grassland systems, without cropland and livestock, occur in (sub)arctic regions, which are inaccessible cold regions where the natural vegetation is tundra and mixed woodland. Mosaic grassland and forest systems comprise both boreal and mixed woodlands, and savannas, and have a relatively low population density. These systems receive relatively much precipitation for trees to grow. In contrast, mosaic grasslands and bare systems occur in dry regions where the potential natural vegetation is tundra, open shrubland or grassland and steppe. Grassland systems with few livestock and grassland with bovines, goats, and sheep mainly occur in savanna and steppe regions, where last-mentioned system generally occurs in relatively warm and accessible regions. However, although these areas dominate globally extensive grassland areas are also found in the much colder central Asia region.
Bare systems
Bare systems obviously occur in dry regions (negative relation with precipitation), where the potential natural vegetation is tundra, open shrub or barren land. Bare systems with no livestock occur in inaccessible regions.
Settlement systems
As expected, the distribution of (peri-)urban and village systems is explained by the population density and market accessibility (positive relation). Also, these systems are found in relatively flat areas. Further variation in these systems is most likely the result of other factors not included in our analysis.
P e r i -u r b a n a n d v i l l a g e s U r b a n C r o p l a n d ; e x t e n s i v e , f e w 
Spatial determinants at a regional scale
The regressions analysis shows that the set of variables determining the spatial distribution of LS differs among regions and scale (Tables 5-8) . Even a number of contradicting relations between some spatial determinants and LS are found. Contradicting relations are usually caused by different ranges of values per region or scale; a high value in one region may be relatively low in another region.
Cropland systems
Both globally and in the different regions, terrain is an important spatial determinant of cropland systems. Especially intensively managed cropland systems are found in flat low-lying areas. On a global scale (mosaic) cropland systems are generally accessible areas. On a regional scale, accessibility is a less important spatial determinant of (mosaic) cropland systems. Some of these systems are even negatively related to market accessibility, like in India and in the Great Plains.
At a global scale, many mixed (mosaic) croplandlivestock systems occur in densely populated areas. In the region analyzed in Europe, however, population density is relatively high in general, and (mosaic) cropland systems (with and without livestock) occur in areas with a relatively low population density.
Many cropland systems are positively related with precipitation at a global scale. In Europe and at the Great Plains, however, many cropland systems occur in relatively dry areas. In these regions, extremely high precipitation levels occur in mountainous areas (the Alps, Rocky Mountains), along the west coast of the British Isles and Southeast of the Great Plains. Compared to these extremely wet areas, most cropland systems occur in relatively dry parts of these regions, although precipitation levels may still be relatively high on a global scale.
Forest systems
In general, forest systems have similar spatial determinants in the different regions and at a global scale. Dense forests and forests with few livestock usually occur in wet areas with woodland where the population density is low. Forest soils often have a low pH. In Europe and China, forest mainly occurs on higher altitudes and steep slopes (altitude and slope are correlated), where precipitation levels are relatively high. In India and the Great Plains, the distribution of steep slopes is an important spatial determinant for the occurrence of open forest with few livestock. 
Grassland systems
At a global scale, mosaic grassland and forest systems occur in relatively wet areas with a low population density, where the potential natural vegetation is often savanna, or mixed-or boreal woodland. This LS often occurs on soils with a low pH. At a regional scale, other variables are important spatial determinants as well. For example, in the Great Plains and in north India this LS is mainly found on relatively steep slopes. A difference between these areas is that in India it mostly concerns savanna-like systems, whereas in the Great Plains it mostly occurs in temperate and boreal woodland systems. In China, this LS is especially found in inaccessible areas with well drained soils where the potential natural vegetation is temperate deciduous woodland or dense shrub. Mosaic grassland and bare systems occur in dry areas with a low population density, where the potential natural vegetation is tundra, open shrubland or grassland and steppe. In India, this LS mainly occurs on the dry and cold tundra's on the Tibetan high plateau, but at the Great Plains this LS mainly occurs on dry (and warm) open shrublands or steppes, also at high altitudes.
Globally, extensive grassland systems occur in areas where the potential natural vegetation is mixed woodland, grassland and steppe, or savanna. Market accessibility and influence are usually low. In Europe this LS occurs predominantly on high altitudes in areas with a low population density. In the Great Plains this LS also occurs on high altitudes (and relatively steep slopes) in areas with a low market influence, on soils with a low CEC.
Bare systems
At the global scale, the distribution of bare systems is mainly determined by the occurrence of tundra, open shrubland and, desert and barren land. These are dry regions, where bare land without livestock occurs in inaccessible areas. At the regional-scale analysis, bare systems with or without livestock occur in north India and the Great Plains. In north India, bare systems without livestock mainly occur on the cold and dry on the Tibetan high plateau, where market accessibility and influence are low. At the Great Plains, bare systems with livestock occur in dry open shrubland areas on relatively high altitudes.
Settlement systems
Both regionally and globally, peri-urban and village and urban systems occur in relatively flat regions that are easily accessible (close to markets) and have a high population density.
Discussion
Land system classification
In many existing global land cover datasets one grid cell represents one land cover type, whereas in reality, cells often represent mosaics of different land cover/ use types. Ignoring the heterogeneity of land cover may lead to an under-or overestimation of the actual coverage of specific land covers, which may have serious implications for example climate change assessments (Verburg et al., 2011b) . Global scale analyses, for which usually medium to coarse scale data are used, are especially susceptible to this. Some recent land cover datasets have acknowledged the heterogeneous character of landscapes by including mosaic classes (Bartholomé & Belward, 2005; Bontemps et al., 2011) . On a micro-to meso-scale, farming system classifications mostly represent (crop-)livestock systems, but these are classifications of management entities confined to agricultural systems and no global-scale spatial explicit farming system maps are currently available. The LS classification presented in this article incorporates farming system elements, while at the same time delineating (semi-)natural land systems globally, including mosaics of agricultural systems and (semi-)natural vegetation. The new LS classification method incorporates sub-pixel information on land cover, type and density of livestock, and agricultural intensity to delineate land systems. Although attaining a hugely improved representation of land use, care must be taken since the scale of the input data used for the LS classification may still be too coarse to detect small landscape features that are, however, important for the dynamics of for example hydrological or climatic systems (Nol et al., 2008; Ellis et al., 2009) . The LS classification is designed for land-change modeling and assessment purposes, and hence, important variables that are often used as driving factors in land-change models, such as population density, are not used as a classification factor but rather as a spatial determinant of the LS instead to ensure independence between the dependent variable (LS) and the independent location factors and drivers of change in LS.
Population density is useful as an indicator for the intensity of human-environment interactions and high population densities are expected to correlate with intensively managed land systems (Boserup, 1965) . However, the results of our study show that intensively managed (mosaic) cropland systems do not necessarily have a high population density. The results rather show that, on average, especially (mosaic) cropland systems with livestock have a high population density (Fig. 6) . Most land systems have a wide range of population density values. Thus, an extensive cropland system with livestock may still be densely populated. Mixed cropland-livestock LS with a high population density occur for example extensively in India (cropland with bovines, goats, and sheep) and China (cropland with pigs and poultry). Cropland systems with few livestock are often located outside densely populated areas but supply a large proportion of the worlds agricultural production (e.g., at the Great Plains, United States). These findings support the notion that population density cannot straightforwardly be used to classify agricultural intensity; population is only one of the multiple determinants of land systems.
Uncertainties in the LS classification especially arise from the quality of input data, which is influenced by (1) the techniques used to process and interpret remote sensing data (Fritz & See, 2008) , (2) the original spatial resolution of the data sets, and (3) the quality of census data, which partly depends on different reporting methods of census data (Verburg et al., 2011b) . To minimize the influence of such uncertainties, we used the land cover variables with a relatively low level of uncertainty. For example, pasture data were not used as a classification criterion. The main reason for this is that the definition of pasture differs between countries. It is not always clear whether or not forest-and semiarid land used for grazing is included in pasture inventory datasets. For example, as described by Ramankutty et al. (2008) , the FAO reports 1.7 million km 2 of pastures in the year 2000 in the mostly arid Saudi Arabia, while sub-national census data only report 486 km 2 of pasture. In other regions grazing does not always occur on pastures but also along roads, in dry river beds and in croplands after harvest (Verburg & Keulen, 1999) . Also in India mixed crop-livestock systems are common (Devendra & Thomas, 2001 ). For these reasons, it was chosen not to rely on current pasture datasets, but only to use land cover (including cropland cover), livestock and agricultural intensity data for the classification. A relatively small number of input variables were used to keep the classification relatively simple. Despite this relative simplicity much information can be extracted from the classification and provide a stratification for global scale environmental (change) assessments. It should be realized that some datasets are not true 5 arcminute datasets, because they are downscaled from (sub)national census data. Examples of these datasets are maps representing crop yield (used for calculating efficiency), market influence and livestock density. The direct interpretation of the LS classification is obviously influenced by the used classification thresholds (see Appendix S1). Although this does not affect the quality of the results, care should be taken when comparing the LS classification to other land cover/use data sets.
Spatial determinants of Land Systems
Although the selected variables as potential spatial determinants of LS are often listed as important driving factors of land-use change, in many regions land change is the result of the interplay of many more 
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factors acting at different temporal and spatial scales Geist & Lambin, 2002; Rudel et al., 2005) . For example, the influence of institutions (political, legal, economic, and traditional) can be an important determinant of LS . Especially government policy may induce land-use change through subsidies and control of access to land, labor, capital, technology, and information . Furthermore, cultural factors influence choices made by land managers, and therewith, land-use (change). For example, in India cows are held as sacred animals, which largely explains the high number of bovines in mixed cropland-livestock systems in this country. Limited spatial data are available to characterize such conditions at a global scale. However, including such conditions in explaining global LS patterns is a key priority (Neumann et al., 2011) . The results show that the set of factors that determines the spatial distribution of specific LS often differs between regions and scales. This is especially true for LS with a relatively high human impact on the natural environment, like (mosaic) cropland systems, and grassland systems with livestock. Although (semi-)natural land systems often follow globally uniform (biophysical) processes, human interactions with the environment strongly vary by region, depending on the available resources, traditions, and governance. Also the value and sign of the regression coefficients often differ between regions and scales. This may be not only caused by different ranges of a variable in different regions, but also by the possible influence of variables (e.g., governance, cultural) that are not included in the regression analysis, as mentioned above. Also, it can be questioned to what extent the associations between location factors and LS are robust in time; societal change and technology may affect these relations. Hence, the exact value of the coefficients in regression equations in different regions cannot be compared directly. Still, the regional regression analysis does indicate the relative importance of the explanatory factors used in this study when comparing different regions, which is not shown by the regression analysis at the global scale.
Application in land-use change models
Land-change models are used to explore (future) landuse dynamics. Although numerous local to regional scale land-use models exist (e.g., Matthews et al., 2007; Verburg & Overmars, 2009 ), only few global land-use change models have been developed (Heistermann et al., 2006) . There is an urgent need to further develop those existing and new global landuse change models, taking stock of the development at regional scale (Rounsevell & Arneth, 2011) .
Land-change models are often an important component of global IAM's (Verburg et al., 2011b) . Such models have been increasingly used during the past few decades to assess climate change, biodiversity and energy issues, and need to best represent our understanding of global land change.
The new Land System map provides a new and more integrated classification of land use, and may serve as input for global land change models and other applications for earth system modeling. Advantages of using LS in such models mainly concern the relatively high resolution and representation of (the intensity of) human-environment interactions in mosaic landscapes at a global scale, providing more accurate representation of the interactions in the socio-ecological system. The regression analyses presented in this article demonstrate that the set of factors determining the occurrence of specific LS may differ per region and scale. Most current models use globally uniform allocation algorithms. Our results imply that changes in these biophysical and socioeconomic factors are likely to have different impacts in different regions. Therefore, it is important not to apply uniform drivers of land change but rather apply a region specific parameterization accounting for specific regional determinants of land change. For biophysical processes uniform drivers may hold, but for LS with significant human influence regional parameterization is recommended. This finding is supported by studies of on tropical deforestation, which showed that drivers of deforestation interact differently per region and that a thorough understanding of these interactions at the regional scale is necessary to generate realistic projections of land-cover change based on simulation models.
The results also indicate that the value of regression coefficients partly depends on the range of the variable in a region; therefore, care should be taken in using these values for predicting future land changes. For each spatial determinant it should be evaluated if and how fast the range may change over time. Depending on this, regression equations should be adapted when predicting land change over long timescales, accounting for the causality in the identified associations. Moreover, as mentioned before, predicting the suitability for land systems at certain locations would probably become more accurate if more spatial determinants are included, such as institutional, governance and cultural data. But, at present, including a wider range of socioeconomic and institutional data in global assessments is a major challenge, mainly as a result of limited data availability.
